ABSTRACT The brain is the largest and most complex structure in the central nervous system. It dominates all activities in the body, and the lesions in the human body are also reflected in the brain signal. In this paper, the image method is used to assist the brain signal to detect the human lesion. Due to the particularity of medical images, there is no common segmentation method for any medical image, and there is no objective standard to judge whether the segmentation is effective. Medical image segmentation technology is still a bottleneck restricting the development and the application of other related technologies in medical image processing. Based on the above reasons, this paper proposes an improved region growing algorithm based on the fuzzy theory and region growing algorithm. The algorithm is used to segment the medical images of the liver and chest X-ray of different human organs. The improved algorithm uses a threshold segmentation algorithm to assist in the automatic selection of seed points and improves the region growing rules, then morphological post-processing is used to improve the segmentation effect. The experimental results show that the improved region growing algorithm has better segmentation effect under two different organs, which proves that the algorithm has certain applicability, and its accuracy and segmentation quality are better than the traditional region growing algorithm. This algorithm combines the advantages of the threshold method and traditional region growing method. It is feasible in algorithm and has certain application value.
doctors to neglect some useful diagnostic information under fatigue. In addition, cancer diagnosis is mainly based on doctors' knowledge, such as doctors' experience and personal ability [5] [6] [7] . Therefore, the use of computer-aided technology in cancer detection and assistant doctor diagnosis is very necessary. Doctors can use computer-aided diagnosis (CAD) system to analyze and process medical images as an effective assistant means for cancer detection and diagnosis decisionmaking. Image segmentation is an important part of computer aided design system. The rapid development of CAD system attracts people's attention to fast and accurate medical image segmentation.
At present, there are many classical image segmentation methods applied to medical image segmentation. Because of the requirement of the connectivity of the segmented image, this paper chooses the region growing algorithm which is strong connectivity and easy to use as the main research object [8] , [9] . However, since the seed point of the traditional region growing algorithm is mainly manual selection, and the running time of the algorithm is too long, it does not meet the requirements of medical timeliness, which is not conducive to the promotion of the algorithm [10] . At the same time, the traditional growth rule will lead to a large number of holes in the segmented image, which is not conducive to the doctor's diagnosis of the lesion location. On this basis, the paper analyzes the typical characteristics of human liver medical images and chest X-ray images. An improved algorithm is proposed, which allows the computer to automatically select the starting point of growth. In this way, the error caused by manual selection can be avoided, and the region growing algorithm can realize automatically image segmentation [11] [12] [13] . Meanwhile, the growth rules are improved, the conditions of growth stopping are optimized, and a reasonable threshold is established to make the region growth algorithm more accurate and more suitable for segmentation of liver and chest X-ray images.
In the remainder of this paper, Section 2 reviews the current advanced methods for medical image segmentation and analyses these methods. In Section 3, we make a detailed explanation for the improvement of region growing algorithm, mainly improving the selection of seed points and region growing rules. And then, we simulate the improved region algorithm in Section 4. The universality of the proposed method is verified by two different medical images of liver and chest X-ray, and the effectiveness and accuracy of the segmentation method are verified by the evaluation index. In the last section, conclusions are presented.
II. RELATED WORK
In recent years, a large number of scholars have proposed many automatic segmentation methods for medical images [14] , [15] . These methods can be divided into boundarybased segmentation, region-based segmentation and deformation model-based segmentation, but they have their own advantages and disadvantages.
Literature [16] proposes an unsupervised image segmentation method DP-UIS based on density peak value, which can automatically determine the number of clusters by constructing constraint function and distance threshold. It can effectively deal with natural image segmentation problems with complex texture and different shapes. Literature [17] proposes a color image segmentation method based on density peak clustering. The image is preprocessed to obtain superpixels, then the color features of super-pixels are clustered. Finally, the clustering results are merged into hierarchical regions to obtain the final segmentation results. The improved method proposed by the above researchers has a lot of distance calculation, and the clustering problem with large data is very complex, which cannot effectively process medical images.
Due to the fuzziness and uncertainty of medical images, fuzzy theory clustering segmentation algorithm has become the main research direction at present. Fuzzy C-Means (FCM) is the most widely used medical image segmentation algorithm. It uses membership matrix to cluster the identical pixels in the image, and iterative optimization of the objective function to segment the image [14] . In practical applications, FCM has some shortcomings, such as manually specifying the initial cluster center. Once the initial cluster center is improperly selected, it is easy to fall into the local maximum. Furthermore, only the color information of the image is considered, and the spatial neighborhood information provided by the image is not utilized.
In literature [18] , a method based on genetic algorithm and particle swarm optimization is proposed to determine a set of appropriate initial clustering centers in FCM. The objective function in the standard FCM is reconstructed by introducing pixel neighborhood information, which speeds up the convergence of the optimization algorithm. Literature [19] proposes an improved FCM clustering algorithm based on ant colony algorithm for image segmentation. It introduces multi-scale gradient and gets clustering center by ant colony algorithm, which makes up for the shortcomings of traditional FCM clustering algorithm. Literature [20] proposes a hybrid MOPSOEM clustering algorithm based on improved multi-objective particle swarm optimization. It uses two fitness functions to search Pareto optimal solution in multiobjective optimization problem, and finally completes image segmentation by unsupervised clustering. These optimization algorithms also have their own advantages and disadvantages. Particle swarm optimization and genetic algorithm are easy to fall into local poles and have premature convergence. At the same time, genetic algorithm and ant colony algorithm have a large amount of computation and are too complex.
Literature [21] presents a morphological gradient method based on multi-scale structural elements to detect liver edges in abdominal CT images. In order to extract multiple liver regions from abdominal CT images, the literature [22] proposed an automatic segmentation algorithm to accurately extract multiple liver regions from abdominal CT images based on small changes in grayscale and liver size in adjacent sequence CT images. Literature [23] uses active contour segmentation and level set algorithm to segment liver. Literature [24] presents an automatic liver segmentation algorithm based on statistical shape model (SSM) integrated with optimal surface detection strategy. Literature [25] implements an automatic liver segmentation system based on region growing method combined with several CT contrast maps at different stages. In order to estimate the initial boundary of the liver, a technique based on the anatomical knowledge of the liver and its surrounding tissues and a method for screening the liver in CT datasets by clinicians are presented in literature [26] . On this basis, a multi-step heuristic technique is developed to segment liver from multi-slice CT images. In the method of liver segmentation proposed in literature [27] , the ribs and spines in CT images are separated by threshold method, and liver regions are segmented by combining fuzzy C-means clustering, morphological filtering and MLP neural network algorithm. The above methods are effective in liver, but not in other medical images. Therefore, aiming at the above problems, an improved region growing method is proposed to segment different medical images. Finally, the validity of the proposed method is verified by the segmentation of two different organs of human liver and chest X-ray.
III. IMPROVE REGION GROWTH ALGORITHMS AND FUZZY THEORY
Region growing method is essentially a process of combining seed pixels or sub-regions through predefined similarity calculation rules to obtain greater differences. Firstly, seed pixels or sub-regions are selected as target locations; then, adjacent pixels or sub-regions that meet the similarity conditions are merged into target locations to achieve progressive growth of regions; finally, if there are no small areas that can be merged further, the output is stopped [28] [29] [30] [31] . Among them, similarity calculation rules can include gray value, texture, color and other information.
In the absence of prior knowledge, the region growing method seeks the possibility of optimal segmentation through rule merging strategy, which is concise and efficient [32] , [33] . However, the regional growth method generally requires manual selection of seed points or sub-regions, which is easy to lack objectivity. Moreover, the region growing method is more sensitive to noise, which may bring some problems such as holes and noise in segmentation results.
The result of image segmentation based on region growing algorithm is mainly determined by two key factors: one is the selection of seed point (starting point) [34] . Once the seed point is selected in an inappropriate position, it is easy to cause the result of CT image segmentation of human body parts offset or even errors. The second is the determination of growth criteria (including conditions for growth cessation). Therefore, this paper will improve the region growing algorithm from the above two aspects.
A. OVERVIEW OF REGION GROETH ALGORITHMS
In 1976, Zucker first proposed the region growing algorithm [35] , which is an algorithm that combines some similar pixels or regions to form a new region. Therefore, the region growing algorithm can achieve better results for images with connectivity in the target region. Region growing algorithm is a process of merging pixels or regions into larger regions based on pre-defined growth criteria from the growth starting point (seed point). The basic principle is to start from a seed point (the seed point can be a single pixel or a small area), merging adjacent pixels (or seed areas) with seed points (or seed areas). Make it have similar properties to the seed point, form a new seed point (or seed area), and repeat the process until no new seed points (or seed areas) are added.
If the position of seed points is unchanged and the growth criterion is changed, the final segmentation results will be different. Similarly, it can be found that if the location of seed point's changes, the similarity criterion does not change, and the final results obtained by using the region growing algorithm will be very different. Therefore, the following conclusions can be drawn: the selection of seed points and the formulation of growth criteria are very important for the final segmentation effect of regional growth. If the seed point is selected correctly and the threshold of growth criterion is set too large, it will result in over-segmentation, that is, too many pixels outside the target area are merged. The final segmented image is larger than the target area; if the threshold setting is too small, it will result in under-segmentation, that is, the segmentation of the target area is incomplete. If the selection of seed points is inaccurate, no matter how good the growth criterion is, the correct image cannot be segmented. In order to make the final segmentation effect of region growing algorithm more ideal, we must select the right seed points and formulate appropriate growth criteria.
B. IMPROVING THE SELECTION OF SEED POINTS
When traditional region growing algorithm is used to segment medical images, the initial seed points are mostly selected manually by doctors according to their own prior experience and professional medical knowledge [36] [37] [38] . This method has certain accuracy, but it takes too long and the recurrence rate is low. It requires high knowledge of doctors (such as computer and image segmentation) and is not easy to be popularized. The red dot in Fig. 1 is the seed point selected manually.
By observing the segmentation results, it was found that the liver can be segmented from the abdominal CT image by the traditional region growing algorithm, but there are many holes and noise edges in the output liver segmentation result, which will also cause some interference to the subsequent diagnosis and analysis. Moreover, the location of seed points in this method is totally determined by the manual selection of professionals, which takes a long time [39] , [40] .
Before segmentation, CT images of human body parts will find that the most connected area is usually the part VOLUME 7, 2019 FIGURE 1. Segmentation effect of tradition region growing method.
to be segmented. Therefore, the largest connected area in the scanned CT images must be the part of human body to be segmented. Based on this, a method of automatically selecting seed points is proposed in this paper, in which the center of the tangential circle is used as the initial seed point of regional growth. The basic idea of this method is: firstly, medical CT image after anisotropic filtering is binarized, and the maximum connected region of the processed image is extracted and filled. The image boundary is obtained by boundary tracking. Secondly, the pixels in the connected area are found. By calculating the distance between 0 pixels in the connected area and its nearest non-zero pixels, the minimum distance and the location of the pixels are saved. Finally, the pixel position of the maximum point in the minimum distance saved is obtained. The pixel is set as the center of the maximum tangential circle and the maximum is set as the radius of the maximum tangential circle. Because of the limitation of the maximum radius of the inner tangential circle, it can be guaranteed that the seed points selected in this method are not located at the edge of the segmented in human body image. At the same time, in order to prevent the seed point from being a noise point, the morphological filtering is used to ensure the correct segmentation results of CT images of human body parts.
Histogram is a statistical expression of image intensity in medical images. For the medical image, its histogram distribution can reflect the statistics of different image intensities in the image. As shown in Fig. 2-3 below, the segmentation effect of the target region is improved by image enhancement before the seed points are automatically selected. As can be seen from the Fig. 2-3 , the area to be segmented in liver and lung images after image enhancement is prominent, and the effect of useless information suppression is obvious. From the histograms of the two images, the pixel distribution of the enhanced image is more uniform. For the medical image, the target of lung region and liver region correspond to their histogram, and the visual effect can be improved obviously by adjusting or changing the shape of their histogram.
The images on the left side of Fig. 4 and Fig. 5 are images of automatic seed selection, where the red dot is an automatic seed selection. The right image is an automatically selected seed point, the segmentation result is obtained using a conventional region growing algorithm. It can be seen from the graph that the segmentation result is better than the traditional manual selection of seed points.
C. IMPROVEMENT OF GROWTH CRITERION
As one of the decisive factors of region growing algorithm, there is no uniform formula for growth criterion. Generally, the corresponding criteria are formulated according to the characteristics and segmentation requirements of the image itself [41] [42] [43] . The final image segmentation effect is closely related to the rationality of the growth criteria. Reasonable growth criterion can reduce the budget time of region growing algorithm, enhance the timeliness of region growing algorithm, and at the same time increase the accuracy of image segmentation. Generally, the grey scale represented by (1) is used as the growth criterion.
Among them, M and σ represent the gray mean and standard deviation of the pixels in the current growing region, and F is a preset constant. If the gray value of the neighborhood pixel of the seed point is within this range, the pixel is merged with the growing region, otherwise it is excluded. However, since the standard considers only a single pixel and does not consider the positional requirements between pixels, the segmentation result is easily insufficiently segmented. And the segmented target area image has a continuous human body part image, so the use of the standard cannot meet the requirements of accurate segmentation. Since human CT images usually contain noise and the growth criteria are particularly sensitive to noise, it is easy to eliminate noise in the human body region during actual image segmentation. This method causes many holes in the segmented image [44] [45] [46] . In order to reduce the influence of noise on the final image segmentation results and avoid a large number of holes in the image, this paper proposes the traditional growth criteria.
Firstly, the four connected regions centered on the seed points selected automatically are selected as their growing regions. Then, the similarity between each neighborhood pixel and the seed point region is compared. The similarity function SLF is defined as follows:
Among them, f (u, v) denotes the gray value of the pixels located in (u, v) ; R denotes the growing region; S denotes the new region composed of neighboring pixels and R; n denotes the number of pixels in the region; and mean(x) denotes the gray mean value of all pixels in the growing region; mean(x) denotes the gray mean of the pixels in a new region composed of neighboring pixels and growing regions, and θ is the best gray threshold preset.
In order to segment accurately, the value of the threshold is usually as small as possible, but too small threshold θ may lead to the result of segmentation under-segmentation. In order to solve this problem, this paper uses threshold segmentation algorithm to automatically select the best threshold θ . Then the growth stopping condition of the growth criterion is that as long as SLF ≤ θ , the neighborhood pixels are added to the growing region in turn, and the above process is iterated continuously. Until the above inequality is not established, the growth stops, and the final segmented image VOLUME 7, 2019 is output. The flow chart of the improved region growing algorithm is shown in Fig. 6.   FIGURE 6 . Flow chart of improved region growing algorithm.
1) THRESHOLD SEGMENTATION
As a basic image segmentation method, the basic idea of threshold segmentation is as follows: Firstly, to determine a threshold for the original image segmentation, which is the most important step to achieve threshold segmentation. Secondly, the pre-set threshold is compared with the gray value of each pixel on the original image. Finally, according to the comparison results of the gray levels of the pixels, the corresponding pixels are drawn into the foreground or background part of the image. Threshold segmentation is suitable for segmentation of images with strong gray contrast. At present, the commonly used threshold segmentation methods are single threshold and multi-threshold [47] , [48] .
The single threshold method is suitable for images with obvious double peaks (not far from the peak value), that is, images with uniform gray distribution in the foreground and background parts of the image. However, the single threshold method only considers the gray information between the pixels in the image, but ignores the spatial correlation between the pixels in the image [12] , [49] . Therefore, this method is particularly sensitive to noise in images, and the segmentation results may not be ideal for images with a lot of noise. At present, the commonly used threshold segmentation method is the maximum class variance method (Otsu method).
Assuming that the number of pixels in the image with i gray value is n i and the gray range is [0, L − 1], the total number of pixels is:
The probability of occurrence of each gray value is:
For p i , there are:
The pixels in the graph are divided into two categories by threshold T: C 0 and C 1 . C 0 are composed of pixels with gray value in [0, T − 1] and C 1 is composed of pixels with gray value in [T , L − 1]. Then the probability of region C 0 and C 1 is:
The average gray levels of regions C 0 and C 1 are:
Among them, µ is the average gray level of the image.
Then the total variance of the two regions is:
Among them, the value of T in the range of [0, L − 1] is chosen in turn, and the value of T in the maximum of σ 2 B is the best region segmentation threshold. This algorithm does not need to set other parameters in advance. It is an automatic threshold selection method. It has good segmentation effect and is widely used.
2) MORPHOLOGICAL PROCESSING
Because the boundary gray value of human adjacent organs is very close, the proposed region growing algorithm is often used to segment the pre-processed human parts images, which will lead to some false segmentation [50] [51] [52] . From the results of segmentation, we can see that there will be some small connections at some boundaries and some holes in the interior. For such false segmentation, an effective method is to modify the segmentation results by using mathematical morphology technology, such as expansion, corrosion, opening and closing operations [53] , [54] . The function of the opening operation is to remove the connecting members that are smaller than the A of the structural element and to cut off the elongated connecting strip between the large connecting members. The function of closing operation is to fill the holes in A and fill the gaps between adjacent connected components. Therefore, opening operation can be used to remove the fine connections at the boundary. Closing operation can fill the holes in the segmented tissue, making the boundary smoother, and finally get the tissue to be extracted.
The improved algorithm in this paper mainly needs to extract the maximum connected region (i.e. the maximum connected component) from binary medical images of human body parts. From the above ideas, the following solutions can be proposed: 1) The medical images of human body parts are binarized; 2) Connected components in binary images are extracted and labeled with unique numbers; 3) Calculate the area of the marked connected component; 4) The connected component of the maximum area is the maximum connected region.
In the morphological processing of this paper, the processed image can be obtained by boundary extraction, tracking and region filling. In this paper, the seed filling method is used to fill the boundary. The filling method is described as follows: Let A be the original boundary image. A1 is the complementary image of boundary A image, and B is the initial seed point, which serves as the seed point image. Beginning with B, the appropriate structural element S is constantly used to expand it. Suitable structural element S ensures that when B is inside A (excluding the boundary itself), the result of each expansion does not contain points outside the boundary (each expansion produces points inside the boundary or points on the boundary). Therefore, only intersecting A1 with the expanded result image is needed to ensure that each expansion is complete. It must be carried out in the interior of the boundary. If B is expanded continuously, B will continue to grow. When B is filled with the interior area of the original boundary A, it will stop growing. So far, the union of B and A is the final region filling structure.
IV. EXPERIMENTAL RESULTS AND ANALYSIS
In order to illustrate the accuracy of the algorithm for segmentation of the human body, first, under the guidance of a professional surgeon, the human body parts were manually segmented by manual methods. Then the area overlap algorithm (AOM) method is used to calculate the accuracy of the segmentation result of the adaptive region growing algorithm. The AOM method is defined as:
In the formula above, S A and S B represent regions surrounded by boundary A and B respectively and their areas can be represented by the number of pixels contained in the region. If the range of AOM is [0, 1], the closer it is to 1, the better the segmentation quality. When AOM = 1, the result of segmentation is always the same as that of manual segmentation. Here, the manual segmentation of the human body region represents S A , and the algorithm segmentation region represents S B . The accuracy of the algorithm segmentation result is obtained by calculating the number of pixels in the S A and S B regions. Two different region growing algorithms were used to extract the parts of the chest and liver images. The results are shown in Table 1 and Table 2 . From the above table, we can see that the improved region growing algorithm proposed in this paper has a greater improvement than the general region growing method, and the segmentation quality and accuracy have been greatly improved. According to the average AOM value, the traditional region growing algorithm is not as good as the improved algorithm in the segmentation of two different VOLUME 7, 2019 human parts, liver and chest X-ray. However, from the perspective of segmentation time, the improved algorithm in this paper is relatively time-consuming, but the time-consuming gap is not large.
From the above figures, we can see that compared with the traditional region growing algorithm, the improved algorithm in this paper achieves better results in both liver and lung segmentation. There are fewer holes in the segmented image, and the segmented image does not cause excessive segmentation. Therefore, it is further proved that the improved algorithm has better applicability for medical image segmentation of different parts of human body.
Compared with the traditional FCM algorithm, it can be found that the edge points of the region will be added to the target segmentation area because the correlation between gray information in the human body image is not considered in the FCM algorithm. The improved region growing algorithm in this paper takes into account the influence of noise and edge points on image segmentation. It considers not only the gray correlation within the liver tumor image, but also the position relationship between the pixels. Therefore, this algorithm can not only accurately segment the liver image, but also automatically and correctly segment the chest film.
V. CONCLUSION
The collection and analysis of brain signals to diagnose the location of human lesions, due to its accuracy and environmental impact, did not achieve good results. In this paper, the medical image is analyzed by image processing, and the region growing algorithm is improved by improving the seed point selection method and region growing rule of the traditional region growing algorithm. Threshold segmentation is used to pre-segment the approximate region of the target to assist the automatic selection of seed points. Moreover, according to the maximum tangential circle center of the maximally connected region as the seed point, the automatic seed point selection method solves the problem of manual seed point selection in the traditional algorithm. Aiming at the problem that the traditional region growing algorithm divides the holes in the image too much, the improved algorithm optimizes the conditions of growth stop. According to the small difference of gray scale between liver and chest X-ray, a reasonable growth criterion was formulated. The morphological method is used to extract the target segmentation area, and then the improved method is used to realize the automatic segmentation of liver and lung. The final experiment shows that the improved algorithm has higher segmentation accuracy and better segmentation quality. In the case of different human organ segmentation, the improved algorithm in this paper has some adaptability, but the effect of other organ segmentation is poor. Therefore, a more general segmentation algorithm can be considered in the future.
